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Nuts and Bolts

Spline Regression  
in Clinical Research
Inés M. Anchondo, DrPH, RD, LD, CSP 

In data analysis it is common to 
divide a continuous data variable into 
categories by dividing the data into 
groups or categories and assigning a 
score to each category. For example, 
the scores for each category for 
serum albumin could be: < 2.5 g/100 
ml, 2.5 to 3.4 g/100 ml, and 3.5 g/100 
ml or greater. The categories must 
be clinically meaningful. Albumin 
levels at or less than 2.5 g/100 ml 
is considered to be too low and it 
associates with certain conditions 
and physiologic responses, 2.5 to 3.4 
g/100 ml is moderately low, and 3.5 
g/100 ml and above is normal.  
The scores are entered into the 
regression model instead of the 
original variable values.1 

Sometimes however, there are issues 
with the categories. For example, 
in a study of the relationship 
between weight loss and mortality 
by Ingram and Mussolino, instead 
of analyzing the amount of weight 
in kilograms or pounds lost weight 
loss was categorized as <5%, 5 to 
<15%, and >15% of maximum body 
weight. Results showed that obese 
men who lost more than 15% of 
their maximum body weight had an 
increased risk of dying (HR 0.85, CI 
0.40 – 1.82, not statistically significant 
since it includes the null value of 1) 
while obese men with a weight loss 
of 5% to <15% had a decreased risk  
of dying (HR 0.56, CI 0.32 – 0.98  
p = 0.05, statistically significant since 
it excludes the null value of 1).2 This 
may seem puzzling, how can the 
risk of dying change so much from 
one category to the next, between 
14.99% and 15%? How can the risk 
of dying be the same at 7% than it is 
at 15% weight loss? The solution is 
not to use cut-offs or cut points. The 
answer is spline regression. 

Spline regression is a modeling 
technique. It is especially helpful for 
dealing with the two controversial 
issues with categorical data analysis: 
implausibly assuming homogeneous 
and constant risk within a category 
and assuming arbitrary risk increase 
from one category to the next. 
Spline regression is similar to 
nonparametric regression, making 
no assumptions about the disease-
exposure association. Splines can be 
linear, quadratic or cubic. Quadratic 
splines are used more often in 
epidemiologic studies because  
they are smoother than linear  
splines and more easily interpreted 
than cubic splines.3 A ‘spline’  
is a curve representing a 
mathematical formula. 

In a study by Bodnar et al. the 
association between racial/ethnic 
differences and the variation of 
preeclampsia by month were 
analyzed in a cohort of 20,794 
white women and 18,916 black 
women.  The risk factor of interest 
was preeclampsia incidence by 
month of delivery. Month of 
delivery is a continuous variable. 
However, because categorizing 
the months as 1, 2, 3, 4, etc. would 
not have reflected accurately or 
meaningfully a dose-response 
relationship, time of delivery was 
evaluated in days as 1 – 365. In this 
study, the ‘boundaries between the 
categories’3 known as knots or joint 
points were: day 75 (March 16), day 
150 (May 30), day 225 (August 13) 
and 300 (October 27) with day 1 as 
the referent. Confounders included 
maternal age, parity, and delivery 
year. Results showed preeclampsia 
occurred in 3.4% of pregnancies. 
Risk of preeclampsia by month of 

the year was different for white and 
black women. The prevalence of 
preeclampsia in white women was 
highest in November, December, 
and January and lowest during the 
summer. In black women there was 
no significant association between 
preeclampsia and delivery month of 
the year. Figure 2 C shows the spline 
curve graph reflecting the pattern of 
decreasing preeclampsia incidence 
the first 8 months of the year in white 
women and increasing during the 
winter months. Figure 2 D shows 
the lack of association between 
month of delivery and preeclampsia 
risk in black women.4 Using spline 
modeling in this study allowed more 
accurate assessment of the variation 
of risk of preeclampsia according 
to month of delivery. Results 
demonstrated the relationship 
between preeclampsia and month  
of delivery was better represented  
by a spline. 
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The prevalence of preeclampsia by the month of delivery and 95% CI among A, white women (n = 20,794) and B, black women (n = 18,916). Smoothed relationship 
between the delivery day of the year and the unadjusted prevalence of preeclampsia among C, white women and D, black women. The solid line represents the 
point estimate; the dotted lines represent 95% confidence bands. The association in white women was quantified with a logistic regression model in which the 
day of delivery was specified as a restricted quadratic spline with a knot at day 200 (spline coefficients: P < .05). Among black women, there was no association 
between the delivery day of the year and preeclampsia, regardless of how the variable was specified in the model.

Figure 2
Prevalence of preeclampsia by the month of delivery and delivery day of the year by race/ethnicity.


